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Abstract

Vision-Language Models (VLMs) like CLIP exhibit extraor-
dinary out-of-distribution (OOD) generalization, while the
theoretical foundations underlying this robustness remain
largely unexplored. This work establishes a connection be-
tween CLIP and Invariant Risk Minimization (IRM), the
principled paradigm to overcome OOD problems, through
token-level causal representation learning. Our key insight
is that CLIP’s contrastive objective, when optimally trained,
recovers modality-invariant causal factors at the word-and-
phrase granularity. By decomposing text prompts into class-
specific tokens (causal factors) and class-agnostic context
tokens (environmental factors), we prove that a vocabulary-
constrained InfoNCE objective becomes formally equiva-
lent to IRM’s invariance criterion. Grounded in this equiva-
lence, we propose a mid-training paradigm aiming to inject
invariant learning signals into pre-trained CLIP without
architectural modification, yielding CLIP-IRM with supe-
rior OOD performance. We further extend this causal align-
ment to multimodal reasoning via using CLIP-IRM’s invari-
ant alignment scores as process-level rewards in reinforce-
ment learning, effectively transplanting IRM’s guarantees
to robust sequential decision-making in Multimodal Large
Language Models. Extensive experiments validate our theo-
retical framework and present substantial improvements in
both multimodal OOD understanding and reasoning tasks.

1. Introduction

Vision-Language Models (VLMs), particularly those built
upon the Contrastive Language-Image Pre-training (CLIP)
[64] framework, have demonstrated astounding general-
ization performances with the excellence at a wide array
of downstream applications in zero-shot and few-shot set-
tings without task-specific training. This ability to transfer
knowledge across diverse tasks suggests that they learn ro-
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bust and widely applicable representations from vast quan-
tities of image-text data. However, despite their empirical
success and widespread adoption, the principles underly-
ing their strong out-of-distribution (OOD) robustness re-
main largely unexplained. The current understanding is pre-
dominantly phenomenological, lacking a rigorous theoreti-
cal foundation that formally accounts for why these models
generalize so effectively to novel data distributions. This
gap between empirical performance and theoretical com-
prehension presents a significant challenge and opportunity
to predictably analyze and improve them.

To build a principled understanding of VLM general-
ization, it is natural to turn to established frameworks de-
signed explicitly for this purpose. Invariant Risk Minimiza-
tion (IRM) [2] offers a rigorous paradigm for OOD general-
ization by learning predictors that rely on features causally
linked to the outcome, while remaining invariant to spuri-
ous correlations across different environments. The objec-
tive of IRM conceptually aligns with the observed robust-
ness of models like CLIP, motivating a formal connection
between them. However, The two paradigms differ funda-
mentally: CLIP employs a dual-encoder architecture with a
contrastive learning objective on unstructured data, whereas
IRM is typically formulated as a bi-level optimization prob-
lem that requires explicit data environments. This architec-
tural and objective mismatch presents a significant chal-
lenge to formalizing their relationship.

This paper bridges the conceptual and technical gap be-
tween CLIP and IRM from a review of token-level causal
representation [ 14]. We posit that the semantic alignment in
image-text pairs is governed by an underlying causal struc-
ture where shared, modality-invariant variables give rise to
the content. Our key theoretical contribution demonstrates
that an optimally trained CLIP model, through its con-
trastive objective, effectively learns to recover these invari-
ant causal factors at the granularity of individual words and
phrases. This token-aware perspective is the critical insight
that enables the causal connection between the two frame-
works: by decomposing text prompts into class-specific to-
kens (the causal factors) and class-agnostic context tokens



(the environmental factors), we can reframe CLIP’s prompt-
based probing, then prove that a constrained variant of the
InfoNCE objective becomes formally equivalent to the IRM
objective to achieve explanable OOD generalization.

Grounded in this theoretical equivalence, we propose
a practical and effective mid-training paradigm designed
to explicitly inject invariance into pre-trained CLIP mod-
els. This approach does not alter the model’s fundamental
two-tower architecture but instead reconfigures the train-
ing data and supervision signals. By curating class and en-
vironment vocabularies from large-scale datasets, we con-
struct training batches that guide the model to align repre-
sentations based on class-relevant tokens while simultane-
ously discouraging reliance on spurious environmental con-
text. This process effectively implements the IRM objec-
tive within the standard contrastive learning setup, yielding
a new model, CLIP-IRM, with demonstrably superior OOD
performance on a suite of challenging generalization bench-
marks for multimodal understanding.

With regards to IRM and its reinforcement learning (RL)
variant [PO (Invariant Policy Optimization [75]), we extend
the benefits of this causal alignment from understanding to
the more complex domain of multimodal RL-based reason-
ing. We leverage the causally robust CLIP-IRM model as
a source of guidance for training Multimodal Large Lan-
guage Models (MLLMs). Specifically, we use the invariant
alignment score computed by our mid-trained model as a
process-level reward signal within a GRPO [25] framework.
This reward encourages the MLLM to generate reasoning
chains that are not only correct but also grounded in the in-
variant, class-relevant features of the input. By integrating
the principles of IPO through this novel reward mechanism,
we successfully transplant the OOD guarantees of IRM to
the sequential decision-making process of generative rea-
soning, enhancing the robustness and reliability of MLLMs.

Extensive experiments justify our theoretical framework
and demonstrate substantial improvements in both multi-
modal OOD understanding and reasoning tasks.

2. Related Work

In this section, we provide some literature about CLIP, IRM,
and the advance of vision-language reasoning by Multi-
modal LLM (MLLM). Since they can be connected from
a causal lens, we also encourage the readers to go through
the background knowledge of causality in Appendix.A.
CLIP and its fine-tuning techniques. CLIP (Con-
trastive Language-Image Pre-training) and its variants
[15, 64, 77, 79] transfer visual representations via lan-
guage supervision, achieving strong generalization across
diverse recognition tasks [3, 22, 93]. Its core is con-
trastive pre-training on large image-text pairs, enabling
open-vocabulary prediction with prompt templates (e.g., “a
photo of a [CLASS]”), where category names are encoded

as class-specific weights. Beyond zero-shot use, partial fine-
tuning on target data further boosts performance. Open-
vocabulary fine-tuning spans three lines: (1) adapter-based
tuning [20, 92, 95], inserting small trainable modules into
frozen encoders; (2) prompt-tuning [13, 100, 101], opti-
mizing context embeddings of the template; and (3) name-
tuning [53, 60], directly adjusting category-specific param-
eters. Hybrid methods combine these to gain complemen-
tary benefits [31, 53].

Invariant learning. IRM [2] addresses covariate shift
across environments by seeking features that yield stable
predictors. Let ® be a feature extractor and w a classifier
trained by ERM to predict y € Y from z € X in envi-
ronment e € £, with risk R(w o ®;e) = 3" re(wo
D(x), y), where w o @ : X — Y and 7, measures loss on
samples from e. ERM-learned & often fails to generalize, so
IRM seeks an invariant extractor ®;,, enabling an optimal
predictor across £ by penalizing variance across environ-
ments while preserving accuracy, encouraging w to rely on
environment-invariant, truly predictive features in ). As the
IRM objective (Eq. 3) is a difficult bi-level problem, numer-
ous surrogates have been proposed, including IRMv1 [2],
REx [37], Bayesian IRM [46], Sparse IRM [102], ZIN [47],
TIVA [80], and EIIL [16], among others.

Multimodal reasoning by MLLM. MLLM-based rea-
soning extends CoT from text-only LLMs to multimodal
inputs via supervised trajectories distilled from Best-of-N,
beam search, and MCTS ([74]). Recently, RL has emerged
as a scalable alternative that optimizes reasoning paths with
minimal annotations, driven by the R1 paradigm ([25]) and
value-model-free or value-model-based algorithms such as
GRPO ([18]), DAPO ([52]), VC-PPO ([21]), and VAPO
([28]). R1-style training with accuracy+format rewards has
been adapted to MLLMSs for general and domain-specific
tasks, including medical VQA ([12]), visual reasoning
([45]), and two-stage text— vision transfer ([86]). Process-
and step-wise rewards further enhance structural coherence
in vision-language reasoning ([49]). Curriculum designs
stabilize training and improve data efficiency in multimodal
RL ([99]). In multimodal math, RL pipelines demonstrate
strong gains without dense CoT supervision ([98]).

3. Preliminaries

In this section, we briefly introduce Contrastive Language-
Image Pre-training (CLIP), including its learning objective
and the routine to prompt its well-trained encoders for clas-
sification. Then we go through the formulation of Invariant
Risk Minimization (IRM) [2] and its reinforcement learn-
ing variant, i.e., Invariant Policy Optimization (IPO) [75].
In the rest of the paper, we are going to elaborate how the
token-level causal representation bridge CLIP and IRM for
multimodal understanding, also bridge CLIP-derived Large
Vision Language Model and IPO for multimodal reasoning.
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Figure 1. The comparison between (a) existing multimodal CRL theory [17] and (b) our CRL defined by Theorem.2 and Corollary.3. Our
framework allows the analysis to CLIP with the word-and-phrase granularity, leading to connect CLIP’s paradigm with IRM model.

3.1. Contrastive Language-Image Pre-training

The CLIP family [15, 30, 64] leverages semantically
aligned image—text data via contrastive pre-training [26,
58]. Suppose (z(m8), z(*)) ~ poo (2(me) () denotes
an image—text pair sampled from the multimodal joint dis-
tribution py,m (that is, pmm serves as the measure of cross-
modal semantic coupling). CLIP employs an image encoder
f() and a text encoder ¢g(-) to produce normalized features
f(z(me)) and g(2(**)), which are then used to form the In-
foNCE objectives.
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batch of K image—text pairs, and {x; 1 are the
K pairs in the batch sampled from the _]01nt density pmm-
With the encoders f*(-) and g*(-) trained, a text query T,
(i.e., a text prompt) corresponding to a class name y can be
used to refer to any image x belonging to that class, i.e.,
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-) quantifies similarity between image and text

. (class = y | ) denotes the probability

P}/*,g* (class = y|z) :=

where sim(-,
features, and PJY* "
that (™) is assigned to class y, whose name appears in the
open-vocabulary list V.

3.2. A Review of Invariant Predictors and Policy
IRM. Invariant Risk Minimization (IRM) [2] is a rigorous
paradigm to formulate OOD generalization problem. As il-
lustrated in Fig.2 (a), suppose that the latent variable z that
generate each image 2(™&) can be disentangled into the en-
vironment partition z(¢") simultaneously associated with

K T m)

the environment variable e and the category variable y, and
the causal partition z(®) only connected with the category
variable y. To this, IRM achieves the OOD class prediction
by joint learning the feature extractor ® the classifier w:

Z R(e) (wo ®),
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s.t.w € argmin R (1 o ®), Ve € £
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represents the classification risk on samples from environ-
ment e, where examples are drawn from the environment-
specific image distribution P.. Here, ) and £ are the sup-
ports of the distributions for the variables y and e, respec-
tively, and w,, denotes the classifier’s weights for category
y for all y € Y. The IRM solution (w*, ®*) obtained from
Eq. 3 yields class predictions that are deconfounded from
variations across environment partitions for all e € &, pro-
viding a causal rationale for OOD generalization.

IPO. Invariant Policy Optimization (IPO) [75] transports
the IRM principles from classification to reinforcement
learning by replacing class prediction with action selection.
Analogous to IRM, which learns (w, ®) so that w is simul-
taneously optimal across environments e € £ given a shared
representation @, IPO learns a representation ® : O — H to-
gether with an action-predictor (policy) 7 : H — A optimal
across training domains {1,...,ng4}:

ZRdmcp

df =
st. w€ argﬁ:nﬁzE(AR (7ro <I>), Vd e {l1,...,nq}.
“)
Comparing (4) with IRM in Eq. 3, the role of the classi-
fier w and risk R(®) can equivalently refer to minimize the
negative return — R with regards to the policy 7, respec-
tively, while the shared representation @ is constrained so

max Ripo(m



that the same 7 is optimal across domains. This invariance
criterion encourages ¢ to discard domain-specific, spurious
observational factors (analogous to z(¢")) and retain causal
task features (analogous to z(<'*)), thereby promoting OOD
generalization of policies.

4. A Causal Connection across CLIP and IRM

In this section, we first provide the warm-up study to token-
level causal representation [14] and how it associates with
the optimal CLIP, then we show how the partial SCM re-
covered for this causal representation can be aligned with
IRM. It provide the unified view to mid-train CLIP as IRM.

4.1. Warmup: Understanding CLIP via Token-level
Causal Representation Identifiability

The CLIP-IRM connection rises from [ 14]. Concretely, with
the language prior defined in [88], it assumes a general dis-
tribution behind image-text pairs trained and test by CLIP:

Assumption 1. (Token-aware SCM of image-text
data generation, Fig.l1.a)[14] The joint semantics

between image-text pairs are derived via Zziny~pz,.;
(img)
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where the nonparametric functions extend the text from a
vector z(*%) ~ p_ueo to a k-column matrix Xtk ~
Px (tex,k) , Where Vk € {1, -+, kmax ; indicates the sentence
length and the 7! (tex k)
embedding. The sampling stops at k" step if k= kmax Or
X :(}t,fx) reaches the embedding of [EOF].

b column X indicates the " token

Derived from the token-level understanding to pmm, the
block identifiability result is hold below:

Theorem 2. (Block-Identified Modal-invariant Alignment
(Token-aware) Fig.1.b) [14] Consider the image-text pairs
generated by Assumption.l . If their densities and map-
pings meet: 1). £ and g; (Vi€ {1,-- - , kmax }) are diffeomor-
phisms; 2). z(me), z(tex) (Vle{l s Kmax }) are smooth
and with continuous dlstrlbutlons pz<.mg>>0 D, (tex)>0 al-

most everywhere. Consider [ : Ximg— (0, 1)”‘“” and g :

'“"’*Xt(;() —(0,1)™ as smooth functions that are trained
to jOlnlly minimize the functionals,

L(lmg Jtex) |
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where H (-) denotes the differential entropy of the random

variables f(z(™8)) and g(X **9) taking value in (0, 1)
Then given the optimal image encoder f* and the text en-
coder g*, there exist invertible functions hy and hg satisfy-
ing the following decompositions, respectively:

f*:h'f ° fl_:Tllinv’ g*:hg ° g;}linv (7)

Corollary 3. (CLIP are optimally aligned as token-level
casual representation)[14] The optimal encoders f*, g* in

Theorem.2 are obtained if and only if (f*, g*)=argmin; ,

E(img—nex) +L (tex—img)

InfoNCE InfoNCE . With infinite training pairs.

Interpretation. Theorem 1 shows CLIP’s optimal en-
coders recover, up to invertible maps, the modality-invariant
block of a token-aware SCM, aligning images and text in
shared causal coordinates at the word and phrase level. With
InfoNCE, this targets class-relevant, environment-agnostic
factors when prompts respect token roles. It enables CLIP’s
prompt probing as IRM: under vocabulary/context condi-
tions, aligning to class tokens while excluding environment
tokens yields a mid-training objective equivalent to IRM.

4.2. Bridging CLIP and IRM by A Partially Recov-
ered SCM

Concretely, the nuanced connection between CLIP and IRM

refers to their invariant prediction pipelines (Fig.2).

Definition 4. (Necessary Conditions for Bridging CLIP
and IRM) If the prompt-based probing is consistent with
the OOD class predictor in IRM, following rules are hold:
1. Class-set consistency. The class set ) should be consis-
tent with the vocabulary V used in Eq.2, i.e., Y = V.

2. Class-agnostic context. Given a textual prompt T,
with its class token with respect to Yy € ), its context
tokens Vi, € set(T.)) satisfy {tce,} N Y = 0.

3. V-specific decomposibility of z;,,. YV = ), there ex-
ists a decomposition of Zj,y, Le., Ziny = (2 (env) , 2(cls)),
such that if the i-th token X, (t) in Assumption.1 is a
context token embedding, its generatlon process refers
to

XU = gy () LY 2 00).@®)

Note that the rule 1,2 are straightforward and can be ob-
viously fulfilled by the prompt-based probing in Eq.2. The
rule 3 is fundamental for the variable-based feature recov-
ery in OOD generalization: without its satisfaction, each el-
ement in the representation recovered from z;,, would in-
volve the environment information, leading to the failure
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(a) OOD class prediction (b) CLIP’s prompt-based probing
by IRM (Eq.2) from a view of IRM

Figure 2. (a) SCM behind IRM to achieve OOD generalization
(b) the CLIP-base prompting derived from Theorem.2 and Corol-
lary.3. Suppose that the red arrow “—” in (a),(b) denote their im-
age feature extractors (encoder) that reverse the generation direc-
tion in SCMs, then if Definition.9 is satisfied, the prompting holds
the consistent classifying pipeline with IRM. In Theorem.5, we
justify that a proper reconfiguration of InfoNCE can promise CLIP
aligned with IRM through mid-training.

of OOD generalization regardless of environmental knowl-
edge. Definition.4 paves the way to comprehend CLIP from
an IRM viewpoint, whereas the necessary conditions do
not promise the prompt-based classifier derived from CLIP
has to be a OOD class predictor obtained by IRM. Beyond
this, CLIP is built with a two-tower architecture therefore
its learning objective is significantly different from IRM in
Eq.3. So it is infeasible to employ existing IRM algorithms
[39, 50] to train the encoders in CLIP.

To this end, we elaborate how to reframe CLIP as IRM in
the mid-training stage. It is simply a vocabulary-supervised
contrastive learning paradigm derived from Theorem.2:

Theorem 5. (CLIP Modality-Aligned as IRM) Consider
the image-text pairs generated by Assumption.] and fol-
low the condition rules in Definition.4, so that provided
with the vocabulary V, we could identify the category name
y € V and the environment name e € & for each image-
text pair, i.e., (x(M8) Xt o e\ ~ p - Suppose that the
nonlinear mixing functions £, g; (Vi€ {1, -+  kmax}), the

latent variables z(™®), zgtex) (Vie{l, -, kmax}), and en-

coder functions f, g are consistent with those in Theorem.2,
and we define the functional Eéﬂﬁ/]ﬁén as the vocabulary-
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eliminates the environment token e from X ) and X

tion, then the constrained modal-invariant alignment objec-
tive
(img,tex) (img,tex)

min Loyiinign(f 95 V. ), s:t. f,g € min Lynitie, (£,9) (10)
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is equivalent with the IRM objective in Eq.3.

Intuition. In brief, Theorem.5 implies that a simple data

reconfiguration of InfoNCE losses (E,(\}ln,:,lg/;t“egxg is consistent

with Ll(:;:)g,\l_&ex) and £|(;?:,\T>C'Em 2 according to Corollary.3
SO ﬁgai’lfﬁ;n can also be derived from them), the bi-level
InfoNCE objective consists of the vocabulary-supervised
learning (Eq.9) with regards to the self-supervised learning

can be treated as the IRM variant.

5. Mid-training CLIP for OOD Understanding

Grounded in the causal equivalence between CLIP and IRM
in Theorem 5, we propose a mid-training paradigm that
injects invariant learning signals into CLIP without alter-
ing its two-tower architecture. The key insight is to re-
tain InfoNCE but restructure supervision and batches so
that the encoders align along class-relevant, environment-
agnostic causal coordinates. This is realized by vocabulary-
supervised modal alignment and environment-token prun-
ing, thereby the token-aware SCM ensures that the learned
embeddings invertibly recover the invariant block.

We instantiate this paradigm by curating large-scale vo-
cabularies over LAION: a class vocabulary V and an en-
vironment vocabulary £ (Definition 4, rules 1-2). We ex-
tract class tokens, remove environment tokens, and concur-
rently synthesize environment-invariant pairs by swapping
captions that share the same class but contain no environ-

ment tokens. These yield augmented batches DE,K) that em-

body the constrained, token-level matching X;te:), enforc-

ing alignment on the causal class subspace an({ discourag-
ing reliance on spurious context. To unify standard CLIP
pre-training with IRM-style constraints, we mid-train CLIP
with the following objective, which directly implements the
constrained alignment program in Eq. (10):
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where the first expectation term trains on D&K) to align im-
age—text pairs in an environment-agnostic manner, thus re-
alizing the invariant decomposition of Theorem 2 at token
level. The second term (weighted by \) preserves the cov-
erage and diversity of standard CLIP pre-training on D),
stabilizing optimization and mitigating over-constraint. Un-
der the conditions of Theorem 5, this single-stage program
is equivalent to IRM’s objective, avoiding bi-level optimiza-
tion while preserving invariant prediction guarantees. Prac-
tically, we mine V and £ at scale, apply token-level pruning
that respects phrase granularity, and interleave augmented
and original pairs during training. This mid-training stage
can be inserted after initial pre-training on LAION, requir-
ing only dataset curation and batch reconfiguration. The im-
plementation details can be found in Appendix.C.

Few-shot Prompt-tuning. Beyond OOD robustness, the
mid-trained model provides a stronger initialization for few-
shot prompt tuning. Because class and environment fac-
tors are disentangled during mid-training, prompt templates
adapt more reliably across environments, improving base-
to-new transfer. In cross-dataset settings, the learned invari-
ances reduce sensitivity to background, style, and source
biases, yielding more stable calibration of image—text sim-
ilarities and lower sample complexity in adaptation. Em-
pirically, this leads to consistent improvements in zero-shot
OOD performance and amplified gains.

6. CLIP-IRM as Process-Reward Guidance for
Multimodal OOD Reasoning

Building on the mid-training paradigm that causally aligns
CLIP with IRM (Theorem 5), we extend the invariant align-
ment principle to guide multimodal reasoning in reinforce-
ment learning. Our goal is to use CLIP’s token-aware invari-
ant supervision as a self-supervised process-level reward
[40] that shapes policy learning in MLLMs, thereby trans-
planting the OOD guarantees of IRM to RL policy over lan-
guage tokens and visual observations.

From IPO to CLIP-IRM-guided policy. Reinforce-
ment learning (RL) has become a primary avenue for im-
proving multimodal reasoning, where a policy generates
chain-of-thought and actions conditioned on images and
textual context. IPO is equivalent with IRM as RL by en-
forcing that a shared representation ¢ admits a single pol-
icy m that is optimal across domains (Eq.4). Leveraging the
CLIP-IRM equivalence (Theorem5) and our mid-training
strategy (Eq. 11), it is possible to instantiate an IPO-style
framework in which the invariant representation is realized
by CLIP’s environment-agnostic token alignment, and the
policy is realized by an MLLM decoder.

Despite so, in the CLIP-IRM view, the “policy” corre-
sponds to the text encoder g(-), which barely support strong
reasoning or long-horizon credit assignment due to the lim-
itation of its bidirectional encoding and pretraining regime.

Conversely, replacing the policy with a general MLLM de-
coder my disconnects from the CLIP-IRM alignment of
Theorem 5, since the decoder lacks the invariant supervi-
sion channel. This gap motivates a coupled architecture that
preserves the IRM-aligned supervision while endowing the
policy with generative reasoning capacity.

Coupled decoder—encoder to harvest process reward.
We compose an MLLM text decoder with the CLIP text
encoder via a sliding-window interface. Let my autoregres-
sively produce a token sequence t1.7 conditioned on (™).
At step k, we extract a window tj_,,+1.x and feed it to the
CLIP text encoder g to obtain h;:ex) = g(th—wit1:x). We
pair h,(;ex) with image features v(™8) = f(2:(M&)) and com-
pute a token-aware, vocabulary-constrained InfoNCE score

using the mid-training batches D&K):

T](CprOC) = EInfoNCE(U(img); h]E,tEX); V) - afenv(tk—w-&-l:k; E)a
(12)
where £jnronce follows Eq. (1) over the class vocabulary V,
and /e, penalizes overlaps with the environment vocabu-
lary £. Because f, g are mid-trained by Eq. (11) to satisfy
Theorem 5, maximizing r,ipmc) pushes 7y to generate token
trajectories whose induced representations align with the in-
variant class subspace so suits the [PO invariance criterion.
Data curation and batch construction. To train the
process-reward model, we consider the principles to build
the mid-training dataset: (i) curate a multimodal reason-
ing corpus with image—rationale—answer triplets; (ii) extract
phrase-level class vocabulary V and environment vocab-
ulary &, prune environment phrases, and synthesize cap-
tion/rationale swaps within the same class to form DE,K)
in parallel to DS); (iii) for visual grounding, select high-
confidence image patches via a calibrated proposal network
and compute patch features {v,, }; then augment the process
reward by local grounding
(patch) . (tex)

Ty = nrqne% snn(vm7 h, ), 1%

r](gproc) “ T‘](cproc) + 5T}(€patch).

GRPO-based optimization. We adopt GRPO [25] as
the policy optimizer to integrate the process rewards:

T
Z (T](Ctask) n Aproc r}iproc))y

R(r) =
k=1
T(0) =Ernny | > GRPO(Ax(7)) | — B KL(mol| 7, ).-
k
(14)
where r,(ctaSk) is measured by the correctness of answer/step

and the format, and g, is a supervised reference. For sta-

bility: (a) normalize r,ipmc) per batch; (b) anneal Aproc; (€)

freeze f, g early, then optionally fine-tune them at a small



Table 1. Zero-shot generalization results of state-of-the-art OOD
generalization baselines, competitive MLLM baselines, and CLIP-
IRM in the evaluation protocol [91].

PACS VLCS OfficeHome NICO++ DomainNet Avg

00D generalization models

ERM 85.8 784 68.0 79.6 47.4 71.8
SWAD 88.1 79.0 71.4 80.8 49.6 73.8
RSC 86.8 78.2 67.9 79.7 47.3 72.0
GroupDRO 85.6 78.2 68.0 79.7 44.9 71.3
Fishr 86.6 78.0 67.7 79.6 47.2 71.8
CORAL 86.7 78.1 67.8 79.5 47.5 71.9
MMD 86.4 644 67.2 69.7 473 67.0
SagNet 85.6 78.0 66.9 79.2 46.5 71.2
IRM 84.7 78.1 68.2 79.7 473 71.6
Mixup 834 782 70.0 79.8 48.0 71.9
Multimodal foundation models
CLIP 97.7 1734 854 88.7 76.7 83.4
BLIP-2 100 93.7 52.7 67.3 50.8 72.9
QWEN-VL 964 943 63.5 76.3 36.5 73.4
LLaVa 98.0 97.5 73.6 84.9 48.0 80.4
GPT-4V 96.9 87.2 84.8 88.0 74.8 86.3
Gemini 98.7 832 89.7 89.7 759 814
Ours
CLIP-IRMvl 95.1 78.8 83.9 87.7 72.7 83.6
CLIP-IRMv2 98.6 83.3 88.3 91.8 78.1  88.0

learning rate on interleaved D&K)/D(K ) minibatches. The
implementation details are found in SM.

7. Experiments

In this section, we aim to validate our CLIP-IRM connec-
tion on its technical contributions from multimodal under-
standing to reasoning. Main results are proposed in this sec-
tion, and the ablation and analysis are in Appendix.D.

7.1. Multimodal Understanding by CLIP

Here we consider two evaluation setups to justify our mid-
training strategy to CLIP. First, we achieve the mid-training
to obtain the new CLIP model, i.e., CLIP-IRM, then eval-
uated by its zero-shot inference on remarkable OOD gen-
eralization benchmarks. It helps verify whether our mid-
training strategy can reap the theoretical merit from IRM.
Second, we fine-tune CLIP-IRM with diverse post-tuning
approaches, then observe whether their feasibility can be
extended on top of our methodology.

7.1.1. Out-of-Distribution Generalization

Benchmarks and Baselines: PACS [42], VLCS [34], Of-
ficeHOME [84], DomainNet [62], NICO++ [97]. In or-
der to justify our theorems, we compare CLIP-IRM with
some state-of-the-art OOD generalization baselines [91],
i.e., ERM [82], SWAD [10], RSC [27], GroupDRO [67],
Fishr [65], CORAL [78], MMD [43], SagNet [56], IRM
[2, 39], Mixup [89]; and also with various multimodal foun-
dation models including CLIP [64], BLIP-2 [44], QWEN-

Cross-dataset Transfer Base-to-New Generalization
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Figure 3. The prompt-tuning results based on CLIP and CLIP-IRM
in Base-to-New generalization and Cross-dataset transfer.

VL [5], LLaVa [48], GPT4-V [90], and Gemini [81]. The
OOD generalization baselines are trained with the train-
ing split in the OOD generalization benchmarks to facili-
tate their evaluation, while the foundation model baselines
employ prompt to facilitate their zero-shot inference of the
classes in the benchmarks. To ensure a fair comparison, we
propose a variant CLIP-IRMvI aligned with all OOD gen-
eralization baselines in their image feature extractors us-
ing Vit-B/16; then the other variant CLIP-IRMv2 with a
stronger image-encoder Vit-L/14 backbone to compare with
the more powerful foundation model baselines.

Results. The accuracy are observed in Table.2 where
the top-1 and top-3 baselines in each benchmark have
been highlighted with boldface and underline. The baselines
present diverse behaviors across the benchmarks. Specifi-
cally, traditional OOD baselines almost fall behind founda-
tion models, particularly in PACS and VLCS. CLIP-IRMv1
employs the same backbone with those baselines while
thanks to scaling laws on LAION data, it outperforms them
across all domains with large margins. Open-source founda-
tion models present a large variance across the benchmarks:
despite the impressive results in PACS and VLCS, their per-
formances significantly drop in OfficeHome and Domain-
Net. Instead, the proprietary foundation models, i.e., GPT4-
V and Gemini, more robustly perform and win the top-3
in the average score. Despite so, CLIP-IRMv2 outperform
all baselines, particularly, exceeding the non-proprietary
models with the leap over 4.6%, and also beats down the
best proprietary foundation models in the most challenging
OOD scenarios, NICO++ and DomainNet benchmarks.

7.1.2. Prompt-tuning Generalization

Benchmarks and Baselines: Given the CLIP-IRM model
mid-trained by our method, we are interested to observe
whether the post-training, in particular, prompt-tuning with
few-shot examples can further benefited from it. Specifi-
cally, we evaluate CLIP-IRM and its original version with
their performances in Base2New generalization and Cross-
dataset generalization benchmarks. Beyond this, we also
employ three single-modality prompt-tuning variants (i.e.,
CoOp [101], CoCoOp [100], VPT [4]), two multimodal



prompt-tuning approach (Maple [31], PromptSRC [32]).
Among the single-modality baselines, CoOp and CoCoOp
are designed for tuning textual prompts yet VPT focuses on
visual prompt. They combine with the multmodal prompt-
tuning baselines to comprehensively validate the model
transfer of CLIP-IRM and CLIP.

Main results. In Fig.3, across both settings—Base-to-
New generalization (11 sub-domains) and cross-dataset
source—target transfer (6 sub-datasets)—replacing CLIP
with CLIP-IRM consistently shifts every prompt-tuning
method to a better accuracy frontier. In Base-to-New,
CLIP-IRM improves new-class performance for all five
baselines and improves base-class performance for 3/5.
In cross-dataset transfer, CLIP-IRM wins on target do-
mains for all 5 baselines and on source domains for 4/5
(details in Appendix D). More specifically, two observa-
tions justify CLIP-IRM as a stronger post-training sub-
strate. First, the paired points (CLIP vs. CLIP-IRM) move
predominantly north-east, indicating new-domain gains
without sacrificing base accuracy. The largest new-class
jump appears with PromptSRC, but the pattern holds for
CoOp, CoCoOp, MaPLe, and VPT, suggesting the effect is
architecture-agnostic. Second, target-domain gains exceed
source-domain gains, implying better robustness to genuine
distribution shifts rather than improved memorization.

7.2. Vision-Language Reasoning by
CLIP-IRM-Guided Process-Rewarded Policy

In this section, we aim to evaluate that MLLM trained by
process-rewarding approach armed with GRPO, can yield
more powerful and robust multimodal reasoning baselines.
Training Dataset and Evaluation: We used the EasyR1'
framework built on verL [73], then adopt Qwen2.5-VL-7B-
Instruct [6] as our MLLM base for training. Our training
set was sourced from Geometry3K [59], with 2.1K samples
focused on geometric problems, and MMKI12 [19], with
6.4K samples that cover diverse K-12 math topics. To pre-
vent reward hacking and model guessing, all questions were
converted from multiple-choice to a free-form format. Our
evaluation methodology assessed performance across two
key dimensions. First, we measured out-of-domain gener-
alization on 5 benchmarks: 4 for OOD multimodal reason-
ing (MathVerse [96], MathVision [87], MathVista [51], and
WeMath [63]) and the rest for evaluate the MLLM robust-
ness on hallucination (HallusionBench [24]). We evaluated
in-domain performance by comparing our method, against
the vanilla GRPO baseline on the Geometry3K test set. To
ensure consistent assessment, we employed greedy decod-
ing for generating responses and utilized Gemini-2.5-pro as
a judge model to parse the outputs.

Main results. After trained on Geometry3K (Fig.4),
GRPO augmented by our CLIP-IRM process reward de-

"https://github.com/hiyouga/EasyR 1

MathVista WeMath

=
N
]

N
2 o
8 3

Accuracy (%)
&

Accuracy (%)

8
2

2

10 20 30 40 50 10 20 30 40 50

MathVerse MathVision

@
8

N

3

Accuracy (%)
3
Accuracy (%)
N
5

IS
&

N

3

&
&

25
10 20 30 40 50 6 10 20 30 40 50 6

Out-of-Distribution Reasoning

Test Acc Reward HallusionBench

0.56
0.54

-
IN]

0.52

-
=

B 0.50

4

g 048

& 046
0.44
0.42

Accuracy (%)
=
3

2
3

0.40

68
10 20 30 40 50 60 10 20 30 40 50 60

In-Distribution Reasoning Dehallucination
Vanilla GRPO (CLIP-IRM

Process-Reward) Vanilla GRPO

Figure 4. The vision-language reasoning results based on 4 Out-
of-Distribution (OOD) reasoning benchmarks, 1 dehallucination
benchmark, and the test set of Geometry3K, i.e., In-Distribution
(ID) reasoning results on Acc reward.

livers consistent OOD gains across MathVista, WeMath,
MathVerse, and MathVision: the red curves steadily over-
take GRPO and the margins grow with training, espe-
cially on the harder MathVerse / MathVision, evidencing
stronger transfer under distribution shift. Robustness ex-
tends to faithfulness: on HallusionBench our method main-
tains higher accuracy throughout, indicating reduced hal-
lucination via visually grounded, environment-pruned re-
wards. Importantly, these gains come without sacrificing
in-domain performance: on Geometry3K (Acc reward),
our approach matches early learning but surpasses the
baseline at scale, yielding higher final reward and better
sample efficiency. Mechanistically, converting mid-trained
CLIP-IRM’s IRM-equivalent alignment into step-wise pro-
cess rewards (with optional patch grounding) effectively
couples IPO-style invariance with GRPO, guiding trajec-
tories that remain optimal across domains while stay-
ing image-grounded. Overall, the curves substantiate that
GRPO+CLIP-IRM improves OOD generalization, curbs
hallucination, and boosts ID reward—without changing the
policy architecture.

In Appendix.D, we provide more through experimental
statistics to offer deeper insights to our methodology.
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A. Background of Causality

Structural Causal Models (SCMs). The concept of SCM pioneered by Judea Pearl, have become a cornerstone of modern
causal inference. They provide a mathematical framework for representing causal relationships within a system. An SCM
consists of a set of variables and a set of equations that describe how each variable is determined by others in the model.
This framework allows us to not only model statistical associations but also to predict the effects of interventions and to
reason about counterfactuals. At its core, an SCM is defined by a collection of endogenous (or child) variables, whose
values are determined by other variables within the model, and exogenous (or parent) variables, which are external to the
model and treated as random noise or unobserved influences. The relationships between these variables are specified by
structural equations, which are deterministic functions that define how each endogenous variable is generated from its direct
causes and an associated exogenous noise term. The power of SCMs lies in their ability to make the causal assumptions
explicit. By defining the causal graph—a directed acyclic graph (DAG) where nodes represent variables and directed edges
represent causal relationships—we can analyze the flow of causal influence and determine which variables are causes and
which are effects. This explicit representation is crucial for tasks such as identifying causal effects from observational data,
understanding confounding bias, and achieving robust predictions under distributional shifts.

To pave the way for understanding the specific assumption for multimodal data, let’s first define a general SCM using a
consistent LaTeX format. This will introduce the core components and notation, which are then specialized in the assumption
you provided.

A Structural Causal Model (SCM) is formally defined as a tuple M := (U, V, F, P(u)), where:

V =Vi,...,V, is a set of endogenous variables. These are the variables whose values are determined by other variables
within the model. In the context of your assumption, the observed data, such as an image (™8 and a text description z(t),
are considered endogenous.

U =U,,...,U, is aset of exogenous variables. These are mutually independent random variables that represent unob-
served background conditions or noise. They are the ultimate sources of randomness in the model. In your assumption, the
latent variables zjpy, z(img)dp, 2(img) pr, z(tex)dp, and z(t) pr can be thought of as being determined by exogenous sources of
variation.

F = fi1,..., fn is a set of structural equations, where each function f; assigns a value to the corresponding endogenous
variable V; based on its direct causes pa(V;) C V' \ V; and its associated exogenous variable U;:
Vi == fi(pa(Vi), U;) (15)

This equation states that the value of V; is causally determined by the function f; of its parents pa(V;) and the exogenous
noise U;. P(u) is a probability distribution over the exogenous variables U.

Now, let’s connect this general definition to the variables in your specific SCM assumption for image-text data generation.
The assumption posits a hierarchical generation process that can be mapped onto the SCM framework. In particular, Exoge-
nous Variables: The fundamental sources of variation are the latent variables drawn from their respective prior distributions:

img) (teX)

Zinv ~ Pz, The modal-invariant feature. ZF(,, ~ D Gme): The image-private feature. zp, ~ ~ Pte0t The text-private feature.
pr pr

The dependent partitions, zé';“g) and z(g;ex), are also influenced by exogenous noise, but their generation is conditioned on zj,, .

Endogenous Variables: These are the variables whose values are generated within the model. This includes the dependent
img)
P

dependent partition, generated based on zinv. z(™8): The generated image. =:(t): The generated text. Structural Equations:
The assumption provides the structural equations for the final observed variables, (™2 and z(t):

latent variables and the final observed data: z; -’: The image-dependent partition, generated based on zinv. zé;ex): The text-

2(img) . f(zinw Zc(ii;ng)v »(img) pr); pte) . g(zinv, Zc(l‘:X)7 Z(tex)pr)7 (16)
There are also implicit structural equations for the dependent partitions:

Z(g:ng) ~ pzl(ii;‘@ ('|Zinv) zé;ex) ~ pzé;ex) ('|Zinv) (17)

These conditional distributions can be expressed as structural equations with their own exogenous noise terms. For example,
z(g'pmg) = h;mg(zinv, U;mgdp), where Uing,p 1s an exogenous noise variable.

By laying out the SCM in this manner, we can clearly see the causal dependencies. The modal-invariant feature zj,, is
a common cause of both the image and the text, which is what creates the “mutual semantics” between them. The private

features, 2(™& pr and 2(**) pr, account for the variability within each modality that is independent of the other. The dependent



partitions, (™8 dp and z(*)dp, represent stylistic or content variations that are specific to a modality but are still influenced
by the core shared semantics. This detailed causal structure is what allows for a rigorous analysis of how a model like CLIP
might be able to disentangle and recover the causally meaningful feature zjy, .

Causal representation learning (CRL) and concept discovery. In recent years, SCMs have found significant application
in representation learning. In particular, causal representation learning (CRL) [68, 69] aims to learn the latent generative
factors behind high-dimensional data. This exciting field has seen significant progress in the last few years [1, 7, 8, 23, 33,
36, 38, 41, 55, 72, 76, 83]. A fundamental perspective in this field is to ensure that the model parameters we attempt to
recover are identifiable [29, 33, 85]. Concept discovery is an important sub-field of machine learning which extracts human-
intepretable concepts from pre-trained models. We do not attempt to list the numerous works in this direction, see e.g.,
[9, 11, 35, 54, 57, 61, 66, 70, 71, 76].

B. Principled Certification
The proof of Theorem.2 and Corollary.3 refer to [14], and we only need to prove Theorem.5.

B.1. Proof of Theorem.5

Our proof can be divided to prove the necessary and sufficient conditions for the equivalence between Eq.10 and IRM.
Combine them and we obtain the proof.

B.1.1. The necessary condition: IRM — Eq.10.
It implies that for all classifier w and feature extractor ¢ in Eq.3,

m1nR|RM (w, @) ZRQ) w, ),
ecE (18)
s.t.w € argmin R (w, ®), Ve € £

where

Sy exp (], (o) /)
we can define f(w,®) = f, g(w, ®) = g such that IRM i.e., w,  leading to Eq.10, i.e.,

T (img)
. exp (wy ®(z"")/y
R (w, ®) = Ew(imli)’y) (- log (wy ) 7

min LGaEe, (£,9; V. €), st. f,g € min LGUEE (f, ) (19)
Fi9 e £ ¢
where
CE v = B 1) (™) x5
~Pmm (20)
et = B (I G ) A )
From similar deduction in Corollary.3, we have
T(I) (img)
R(e) (’LU, (IJ) -k sy | — log eXp (wy (-‘rr )/'7)
S, ey oxp (w], ®(z(me)) /) on
< R9w,®) =E mp , [H‘P(fﬁ(img)) - wy\l} — Hp, (®(z™))) —Hp, (wy).
~Pg
Under the conditions of labels and environments defined by Definition.4, we can connect P, and pn, that satisfy
P. = Extot prm(-Je) (22)
then
R (w,®) =E 9., [Il‘b(ﬂc(img)) - wyll} — Hp, (®(x™®))) —Hp, (w,)
e (23)

=E (im0 x(e9,, [I‘P(ﬂﬂ(img)) - wyll] — Hpp (0 (2(@)) —H, (1) ().

~pmm(-|e)



Let’s define f(w, ®) := ®, w.rt. w®) () = {wg(f)(q)) :Vy € Y} € argming R (1, ®) Ve € £ with respect to ®, and

g(w, @) := {g:VyEyZV,VeE&

E(z(img)‘x((t‘exiry> [qu(m(img)) (X(tex))”] pmm( \e)(X;/e ) E(I(|mg) X((crx; ) {|<I)(:C(Img)) ||} ;Dmm( |6)( (e))
~Pmm{(-|€e ~Pmm e

(24)
According to Eq.23,

ZR(E) (’U), (I)) :Z (]Em(img)yx(‘“),y) |:||q)(m(|mg)) - wy||:| - Hpmm(~|e)(f* (w(img))) R pmm(v\e)(wy))

ecE e€E ~pmm (-]e)
> 57 (B e I105) 2] = Hp 10 (F 7)) 10 00)
ec& ~Pmm{-le

=E (ym0) x5 0 [||<I><x<‘mg>> - g(X“e*’n] — Hy,,, (f(2™®)) —H,, (X |50)

y/e
~Pmm

= o, [I1F0) = XS] = Hp (1(00) ~H, (X52)

~Pmm

_Eélhrzﬁﬂfngn <f> g; V g)

R (W (@), ®) =E ,img) x(e0 ) [|®<x<‘mg>>—w§e><¢>|] = Hp,po (1) (P(@9)) —H,, (1o (wi (@)

~pmm(-|€)

=E .(m0) x(e0 ) [|<I>(x(img))—g(X;t/e:))|} _ Hpmm(<|e)(®(w(img))) —H,.. (o) (X(tex))

e
~pmm (-|e) v/

=E ,(me) x (o0, ||| @(x(™8))—g (X (t9)) ||} Hyo (10 (@(@ ™)) —H,, (0)(X ")) (Definition.9)

~pmm (-le)

=8 o e, |2 (XD | = 10 (@) 10 (X

Pmm (- ’
~pmm(-|e)

Y RO (®),®) =E (,tm9 o0, ||f( (ime))—g(x (=) |] Hy,,(f(@™®)) ~H,,, (X))
e ~Pmm
(img,tex)
‘CMMAllgn (f7 )
(25)
It is noteworthy that Y R(®)(w, ®) > [,gmf,’lz?;n(f(w, ), g(w, ®); V, E) so that

min ZR(E)(w, ®) s.t. w € argmin R (i, D), Ve € £

w ec&
%mln Egﬂfﬂfﬁén(ﬂw, ®), g(w, ®); V,E) s.t. w € argmin R(e)(ﬁ), D), Vee &
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) ee&
(img,tex) img,tex)
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B.1.2. The sufficient condition: Eq.10 — IRM.
Given

min Linsisd (f,9:V,E), st f,g € min Ly (f,9) @7)



where

CEeFavie) = B )X ) X
~Pmm (28)
et = B (IS ) e ))

~Pmm

then we prove it leading to IRM (Eq.3) with respect to Theorem.2.
Specifically, we consider ®(f, g) := f with respect to (f, g) defined by Theorem.2, and

w'(f,9) = {U{LE) Vyey=y,

E“n(img)yx(tex)yy) [H‘I)(I(Img))—g(xl(lt;:)m} — pmm(~\e)(X(yt/:)) E(,(Img) x (tex) [Hq)(w(lmg)) - wz(f)H Pmm (- \P)('wy )} Ve e £.
~pmm(-|e) ~pmm(-|e)
29)

Observe that

L) (f, gV, €)= (E<m<img>,x<tex>,y> {H‘I’(w“mg)) (e)ll] Hppp (1) (@(2™)) — pmmme)(wz(f)))

ecE ~pmm(-le)
>0
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cer | ~PCIO) (30)
>0

exp ((wg(f))Td)(m(img))/,y) ) |
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From Theorem.2, we know that there is (f*, g*) = arg min gﬁ,(v',mMg,;f:n) (f,g;V,&),suchthat (f*, g*) satisfy £,(vi|",\1,|g,;fiegxn) (f*,g5V, &) =0
With such regards, we set (w(®))* = w(®) (f*, ¢*) and ®* = f*, and it obviously leads to

RO ((w)*, ") =0, Ve € €, (31)

which implies that
(w'?)* € argmin R (i, ®*), Ve € £

Then we return to the IRM constraint, with w* € R (w0, ®*), Ve € &, thus, w* € Nveeg{w'® € R (10, ®*)}. Given this
Liminmgn (/2975 V. ),

=3 (E oo xeo0) [H@*(w(‘mg)) (wy )H] i 100 (F@O)) ~Hyp 1) (w]))

ecE ~pmm(-|e)
Thereom.2 * i *
IS (B wme xce0, [H@ (m('"“gw—wyn}—HpmM (@) ~Hpp 1oy (w]) ) (32)
e ~pmm(-le)

(w" € Nveee{w' € R (v, ")})

=> RO w", ") = 0.

ec&

To this, we can derive the optimal classifier w™ and feature extractor ®* in IRM, based on f*, g* in Theorem.2.

B.2. The Evidence of V-specific Decomposibility of z;,, (Rule 3 in Definition.4)

Notice that Rule 3 in Definition.4 is particularly crucial to achieve the CLIP-IRM connection, whereas it is less apparent
than Rule 1,2 in their observations. Unlike Rules 1-2, which are satisfied by prompt design (class vocabulary equals label
space; context tokens exclude class names), Rule 3 asserts a representational property: the invariant latent z;,, must admit
a vocabulary-specific decomposition into z(<2%) (class-causal) and z(®™) (environment/context), so that class tokens align
the former while environment tokens are excluded. This decomposition is what allows the constrained InfoNCE program to



become equivalent to IRM—hence its centrality. But because it concerns the internal geometry of the learned representation
rather than token sets, it cannot be verified by prompt engineering alone.

The probing evidence from [94] lends concrete support for Rule 3’s plausibility. Channel-Importance (CI) analysis shows
that under standard prompt tuning (e.g., CoOp), most feature channels become biased toward base-specific knowledge:
CI(Base) dominates CI(New) across the majority of channels, indicating collapse of task-shared, environment-invariant struc-
ture. In contrast, jointly tuning on base and new tasks produces much more consistent CI distributions across channels and
markedly better zero-shot performance, implying that a substantial subset of channels (refer to z(®™) and z(<®), respectively)
can indeed carry class-causal information that is stable across environments when training dynamics preserve it.

Taken together, the channel probing in [94] provides precisely the kind of empirical evidence Rule 3 requires: CLIP’s rep-
resentation admits a channel-wise factorization compatible with the assumed decomposition, provided the training objective
avoids collapsing shared channels into environment-specific usage. With such a decomposition in place, the vocabulary-
constrained InfoNCE can target z(<®) via class tokens while pruning z(¢™) via environment-token constraints, thereby real-
izing IRM’s invariance criterion during mid-training. This explains both the theoretical necessity of Rule 3 and its practical
impact on OOD generalization observed by [94].

C. Implementation

In this section, we provide the implementation details to our mid-training paradigm and CLIP-IRM process reward mod-
eling with the relevant policy optimization. Due to the privacy requirement of our endorsement to our project, the selected
vocabulary and code will be released.

C.1. Vocabulary-Constraint Mid-training

Grounded in the causal equivalence between CLIP and IRM (Theorem 5), we realize an invariance-injecting mid-training
regime that preserves CLIP’s two-tower architecture and InfoNCE objective while restructuring supervision and batches to
enforce token-level causal alignment. The key idea is to keep the standard contrastive stream over raw image—text pairs
while adding a vocabulary-constrained stream that aligns images with environment-pruned, class-anchored text sequences.
Under the token-aware SCM and Definition 4 (class-set consistency and class-agnostic context), this realizes the constrained
alignment in Eqs. 9-10 and yields an objective equivalent to IRM (Eq. (3)). It leads to our methodology summarized by
Eq.11, which transforms the notorious learning paradigm of IRM into the objective without bi-level optimization, thanks to
the text encoders that simultaneously play the role of different classifiers by altering the vocabulary classes included in its
prompt-based probing scheme (Eq.2).

Vocabulary construction. For the implementation of Eq.11, we curate two vocabularies: a class vocabulary V containing
phrase-level class names aligned with downstream category spaces, which we define by all object categories extracted from
the texts in LAION-400M (Only a single object category defined in each image-text pair, and we swap the texts by prompting
them with LLaMa 3.0 ?). An environment vocabulary £ defined by the meta information identified in LAION-400M’s texts
via a similar prompt, in order to capture their backgrounds, domains, styles, and other class-agnostic context (e.g., photo,
cartoon, sketch, art painting, real, clipart, painting, infograph, quickdraw, as well as phrases like in the forest, oil painting,
studio lighting). We ensure V N € = & and maintain phrase granularity to respect the token-level SCM (Assumption 1). This
vocabulary construction enforces the V-specific decomposability of ziny = (Zenv, Zels) required by Definition 4, so that class
phrases probe the causal subspace while environment phrases are excluded.

Object-Vocabulary-Construction Prompt:

You are given an image caption. Extract the single main object category mentioned, as a short noun or noun phrase
(e.g., “dog”, “fire truck”, “coffee mug”). Follow these rules:

* Return exactly one category;

* If multiple objects appear, pick the most salient/main one;

* Do not include scene/style/context words (e.g., “photo”, “painting”, “in the forest”, “studio lighting”);

¢ Do not include attributes (colors, sizes, counts);

e If no clear object is present, return: unknown.

Caption: “(CAPTION_TEXT)”

Answer (one short noun phrase only):

2www.llama.com/models/llama-3/



Algorithm 1: Vocabulary Construction via LLaMA 3.0 Object/Background Screening

Input: LAION captions {x(tCX)}; CLIP tokenizer; LLaMA 3.0 object prompt Pyy,;; LLaMA 3.0 background prompt Pg;
benchmark category spaces ); benchmark meta/domain labels (PACS, VLCS, OfficeHome, NICO++, DomainNet)
Output: Class vocabulary V, environment vocabulary £ with VN E = @

1: Initialize empty multisets Bop,j <— &, Bpg <+ .

NN khw

%

23:
24:

25:

26:

. Seed environment list Eseq from benchmark metas: {photo, cartoon, sketch, art painting, real, clipart, painting, info-

graph, quickdraw, phrases like in the forest, oil painting, studio lighting}.

. for each caption x(**) do

Query LLaMA 3.0 with P,},; on x(t) to obtain object candidate 7 (single noun phrase or “unknown”).
Query LLaMA 3.0 with P,z on x(t%) to obtain background candidate ¢ (single noun phrase or “unknown”).
if § # “unknown” then
Normalize 3: lowercase, trim, collapse whitespace; merge hyphenation/variants; keep multi-token phrase granularity
(e.g., “fire truck”).
Append 7 to Bop;.
end if
if € ## “unknown” then
Normalize ¢ as above; append to By,.
end if

: end for
: Optional filtering by frequency: keep object phrases with count > 7,p; in Bgpj; keep background phrases with count

Z Thg in Bbg~

: Align objects to downstream categories: compute embedding similarity of each candidate in B,,; to names/synonyms in

Y; retain candidates with similarity > d,1,;; map near-duplicates to canonical forms in ) when possible.

: Initialize class vocabulary V <— unique phrases from filtered B,p; (post-alignment).
: Initialize environment vocabulary £ < unique phrases from filtered By,g U Esced.
: Enforce disjointness V N & = @:

For any phrase p e VN &:
Compute class-likeness score sis(p) (similarity to ), occurrence as object vs. background in LLaMA outputs).
Compute environment-likeness score Sepy (p) (similarity to Egeeq, Occurrence ratio as background).
if sc1s(p) > Senv(p) + m then keep p in V and remove from &; else keep in £ and remove from V; break ties by
dropping p.
Prune residual leakage:
Remove from V any phrase matching known environment/style patterns (e.g., “in the *”, “* painting”, “* lighting”,
weather/season terms).
Remove from £ any phrase that is a concrete object hypernym/hyponym (e.g., “animal”, “dog”, “car”) by Word-
Net/embedding heuristics.
Return (V, €).

Environment-Vocabulary-Construction Prompt:

You are given an image caption. Extract the single best background/environment noun or noun phrase that describes
the scene, setting, domain, or style (e.g., “forest”, “kitchen”, “studio lighting”, “oil painting”, “cartoon”, “clipart”,
“snowy street”). Follow these rules:

¢ Return exactly one background/environment term;

* Prioritize scene/place, medium/style, domain, weather/lighting, or general context;

» Exclude the main object (e.g., “dog”, “person”, “car’) and its attributes;

* Exclude actions/verbs; use a noun or noun phrase;

¢ If no clear background term is present, return: unknown.

Caption: “(CAPTION_TEXT)”

Answer (one short noun phrase only):

With V and £ in place, we form two batch streams per step. The first, D<), is a standard CLIP batch of K image—caption



pairs sampled from LAION, used to preserve coverage and stability. The second, Di(,K), is built by pruning each caption
of environment phrases and keeping a single high-confidence class phrase y € V; if pruning yields degenerate text, we
synthesize a minimal class-only prompt (e.g., “a photo of a {y}”). Optionally, we swap captions among images that share the
same y and contain no environment tokens, creating environment-invariant pairs. We then compute within-batch contrastive
negatives as in CLIP, but over the constrained sequences.

Training. The sum of InfoNCE (both directions) is built on the constrained stream Dg)K), plus a weighted (A = 1) InfoNCE
on the raw stream D). The temperature ~ (logit scale) remains trainable with a smaller learning rate. We initialize from
pre-trained CLIP and train both encoders end-to-end without architectural changes. Following Sec. 7.1, we instantiate two
variants: CLIP-IRMv1 (ViT-B/16) for comparisons with OOD baselines, and CLIP-IRMv2 (ViT-L/14) for comparisons with
stronger foundation models. Optimization uses AdamW with CLIP-like weight decay, warmup (3—5%), cosine decay, gradient
clipping, and mixed precision. We often set the text-encoder learning rate slightly lower than the image-encoder’s to stabilize
token-sensitive alignment; the logit-scale uses a smaller LR. The balance A € [0.5,0.7] reliably preserves general coverage
while letting the invariant signal dominate sufficiently to realize OOD gains across PACS, VLCS, OfficeHome, NICO++, and
DomainNet.

We implement phrase detection / removal at tokenizer-index level, combining exact / regex matches with embedding-
thresholded fuzzy matches to reduce false positives. When captions lack a reliable class phrase, we back off to a minimal
class-only template from V. During validation, we always use standard zero-shot prompts (e.g., “a photo of a [CLASS]”) to
ensure that observed gains reflect invariant feature learning rather than prompt overfitting. In few-shot prompt-tuning (CoOp,
CoCoOp, VPT, MaPLe, PromptSRC), simply swapping CLIP with CLIP-IRM systematically shifts the accuracy frontier in
Base-to-New and cross-dataset transfers, indicating that mid-training disentangles class and environment factors in a way
downstream adapters can exploit.

C.2. CLIP-IRM as Process-Reward Guidance for Multimodal OOD Reasoning

C.2.1. Math-centric Mid-training (CLIP-IRM for Math Vision)

Our key idea is to teplace the LAION-oriented mid-training with a math-centric mid-training on Geometry3K and MMK12.
Build math-specific class/environment vocabularies and apply token-level pruning to achieve invariant, diagram-grounded
alignment via constrained InfoNCE.

Concretely, we construct a mid-training corpus from Geometry3K and MMK12, where images are math diagrams (ge-
ometry figures, graphs, charts) and texts include problem statements, rationales, and answers. This domain shift requires
vocabularies and pruning rules that reflect math-causal versus style/environment factors.

Vocabulary design: class set V¢, and environment set Fy,a. We employ the prompt by replacing the target objects and
environments based on the list below,

* Causal classes: The class vocabulary Vi.m should contain phrase-level entities that are causally predictive for solving

visual math:
Vinan O {point, line, segment, ray, angle, triangle, right triangle, isosceles triangle,

square, rectangle, circle, arc, chord, tangent, radius, diameter,
polygon, vertex, side, base, height, hypotenuse,

grid, x-axis, y-axis, tick marks, origin, coordinates,

parabola, function graph, bar chart, pie chart,

length, area, perimeter, degree, radian, ratio, fraction,
congruent, similar, L, ||, =, ~, Z, 7, °}.

* Environment factors: The environment vocabulary Fi,; should contain rendering, layout, and dataset boilerplate that are
not causal for the visual reasoning:

Ean O {hand-drawn, scanned, photocopy, chalkboard, textbook illustration,
low-resolution, watermark, page margin, header, footer,
page number, problem index, box border, difficulty,

choose one answer, multiple choice, time limit, URL}.

We ensure Vijan N Eman = & by scoring phrases with a class-likeness versus environment-likeness criterion (embedding
similarity to seed lists, usage statistics in Geometry3K/MMK12), keeping phrase granularity.



Algorithm 2: Mid-training Pipeline (Eq. (11)) for CLIP-IRM with Vocabulary-constrained Alignment

Input: Pre-trained CLIP encoders f(-) (image), g(-) (text); LAION pairs D; vocabularies (), £); batch size K; weight \;
temperature ~y (trainable)
Output: Mid-trained CLIP-IRM encoders f*, g*

1: Initialize optimizer (AdamW), learning rates (image > text; small LR for logit scale), warmup and cosine decay; enable

2:
3
4
5:
6
7
8
9

10:
11:
12:

13:
14:

15:
16:
17:

18:

19:
20:

21:

22:

23:

24:

25:

26:
27:
28:
29:

mixed precision; set gradient clipping.
while training not converged do

Sample a raw batch DU = { (™) 3N 1K - from LAION.
Build a constrained batch D&K):
for each (2(8) z(tx)) ¢ D) do
Detect class phrase y € V in 2(t*) (exact/regex + embedding similarity to canonical class list).
if multiple or zero class phrases found then
Use LLaMA 2 to normalize to a single class phrase y € V; if unresolved, resample another pair.
end if
Remove all environment phrases e € & from tokenized z(**®) to obtain X ?St/eex) (phrase-level pruning).

if X ;t/ix) degenerate (empty/one token) then

Set X;t/e:) + T'(y), a minimal class-only prompt (e.g., “a photo of a {y}”).
end if
(Optional) Swap environment-free captions among images with the same class y to create additional invariant pairs.

Append (z(me) Xflt/cex)) to Dg,K).
end for
Encode images and texts:

For both streams, compute v; = f( xgimg))_
Compute ™" = (X ;t/eexf) for DY) compute 122 = (") for DE).

Compute InfoNCE on the constrained batch (both directions), matching Eq. (1):
exp (o757 1)
YoiL, exp (vf ghruned 7)
exp (U;t?rum}d/’}/)

Z;(ZI exp (UjTtEnruned/’y
Compute standard InfoNCE on the raw batch D) (both directions), as in Eq. (1):
T yraw
exp (v, T}
£frzi‘1vé~>tex = Zszl _log K p( - ’LT r/:/w)
D j=1 €XD (v, th /7)
aw =K log ;Xp (v, /)
ex—r1lm, 1=
g ijl exp (vatiaw/'y)
Combine losses per Eq. (11):
L= (ﬂi]fng—)tex + ‘C’Xex—nmg) + A (‘Cfslvé—)tex + EEZ‘)‘;V—)img)
Backpropagate V.L; apply gradient clipping; update f, g, and logit scale 1/~ via AdamW.
Periodically evaluate zero-shot OOD accuracy using standard prompts (e.g., “a photo of a [CLASS]”); adjust X or
batch ratios if OOD metrics plateau or regress.

Y o K
Eimg—)tex - Zi:l - lOg

Y _ K
‘Ctex—ﬁmg - Ei:l - 10g

30: end while
31: Return f*, g* (CLIP-IRM weights).

Token-level pruning and class selection. For each sample (ac(img)7 x(‘ex)), detect a main class y € Vpm (e.g., “triangle
ABC”, “x-axis”) and remove all occurrences of tokens/phrases from F,,4, in the tokenized text to obtain the pruned sequence

X(tex)

Y/ emath

. If multiple Vinam phrases are present, prioritize the diagram-grounded one (via co-occurrence heuristics with detected



visual patches). If the pruned text becomes degenerate, synthesize a minimal prompt T'(y), e.g., “a diagram of a {y}”.

Environment-invariant swaps. Within a minibatch, swap pruned texts among images sharing the same class y (and con-
taining no Epn.n tokens) to create synthetic environment-invariant pairs, mirroring Sec. 5 but in the math domain.

Patch proposals for math grounding. Obtain M candidate patches via attention rollout or a lightweight proposal network;
retain patches with high “mathness” (e.g., intersect with edge maps, suppress OCR-heavy paragraph regions while keeping
diagram labels). These patches {v,, }_, will support patch-grounded rewards later.

Math-centric mid-training objective. We define two streams (as in Eq. (11) of the paper), but on math data:

D) raw math minibatch, Dg:l)h : pruned/synthesized math minibatch,

v; = f(xgimg))7 tgruned _ g(X(tex) ), £ = g(xgtex)).

y/emalhyi

) and raw InfoNCE on D():

ath

The loss combines constrained InfoNCE on DE,I;

_ 14 14 raw raw
L= (Eimg%lex + Etexﬁimg) + )‘<£img—)tex + ‘Ctexﬁimg)7

with the standard CLIP-style (temperatured) InfoNCE terms:

K d K d
Chng s = Y~ 108 i oo 80/ -y PP p— en, 7))
img—tex K d ’ tex—img ~ K d )
i=1 > j—1€XP ({vs, tg"me )/7) i=1 > j—1 €XP ((vy, 87" /7)

and analogous definitions for the “raw” terms with t™". We use AdamW, warmup (3-5%), cosine decay, gradient clipping,
and mixed precision. The text-encoder LR and logit-scale LR are set smaller than the image-encoder LR. We train ViT-B/16
(CLIP-IRM-math-B) and ViT-L/14 (CLIP-IRM-math-L).

Validation and sanity checks. We measure retrieval between math images and prompts “a diagram of a [CLASS]” on
held-out data. Patch-level max-similarity should localize diagram elements rather than page artifacts. Improved alignment on
graphs/geometry entities indicates successful math-causal invariance.

C.2.2. CLIP-IRM Process-level Reward Modeling for MLLM

After obtaining the CLIP-IRM math version, we convert math-IRM alignment into step-wise rewards that guide an MLLM
policy (e.g., Qwen2.5-VL-7B-Instruct) via GRPO to produce invariant, image-grounded reasoning chains.

Coupled decoder—encoder interface. Let 9 be the MLLM decoder and (f, g) the math mid-trained CLIP-IRM encoders.
Given image 2(m8) and an autoregressive token sequence {1, }, for step k£ we form a window t5 1., compute:

hlE‘,teX) = g(tk—w+1:k), U(img) = f(x(img)).

These drive a token-aware, math-constrained alignment score, and we set the window size as 64 in all our experiments.

Process alignment reward.

Tproc—align(k) = InfoNCE (U(img)7 hgeX)§N) — «a - env_overlap (tk—w-‘rl:k; Emalh)a

alignment environment penalty

where A are negatives (other windows in the batch or cached class prototypes g(T'(y)) for y € Viam). The InfoNCE
score may be implemented as a log-softmax over similarities with temperature 7, normalized to a convenient range. The
env_overlap measures the presence or fraction of E, phrases in the window (exact/fuzzy phrase matching). « schedules
from larger to smaller (e.g., 0.3 — 0.15).



Encourage visual grounding: With patch embeddings {v,, }2_,,

7"patch(k) = mE?llaXM} sim (Uma h](:eX))7 Tpmc(k) = Tpmc-align(k) + B : Tpatch(k)v

with 8 annealed upward (e.g., 0.1 — 0.3) as patch proposals stabilize.

Anchor to main class y: If a main y € Vi, is identified,

. i 1 : i
Tetass (k) = Slm(v(mg)yg(T(y))) - m Z Slm(v(mg)79(T(y/)))a
ma y'#y

applied only when the window contains Vi, phrases related to y to avoid over-shaping.

Stabilized, composite shaping signal:

T"proc-total (k) = ZSCOT'€patch [ Tproc (k) ] + 77 Telass (k) )

with small v (e.g., 0.05-0.1). Batch-wise standardization mitigates scale drift across updates.

Combine task and process rewards: Let ryg (k) include format/step rewards and a terminal correctness reward. The

episodic return is:

R= Z (Ttask(k) + )\proc Tproc-total (k)) )
k

where Ay is annealed upward (e.g., 0.1 — 0.4) as policy stabilizes.

GRPO optimization. Here we use GRPO with a reference policy s,

J(a) = ETFG — AKL KL(T(O || 7Tref) s

> GRPO(A)

where advantages A, are computed from the shaped return. Stabilization includes (i) batch z-scoring of 7pr, (i) KL control

via Akp, and (iii) initially freezing (f, g), with optional tiny-LR unfreezing later on interleaved Dg/il)h /D) steps to maintain

alignment. We maintain a memory of recent h(*®) windows for negatives; include prototypes g(7'(y)) for y € Vian. Use
stride s (e.g., evaluate windows every s=8 tokens) to reduce compute. Downweight windows dominated by F.m. We
penalize repeated Vi, n-grams (diminishing returns), increase negative hardness if reward rises without Vi,,n coverage,
and apply sparsity penalties on excessive Vipam term counts. Maintain a sufficiently strong Ag..

C.2.3. Practical Pipelines and Dataset-specific Notes

Key idea: Provide actionable pseudo-pipelines aligned with Sec. 7.2 (training on Geometry3K+MMK12; evaluating on
MathVista, WeMath, MathVerse, MathVision, and HallusionBench; ID on Geometry3K).

Mid-training (CLIP-IRM-math) pipeline:

1.
2.

»

Sample a minibatch D) of (2(m2) 2()) from Geometry3K/MMK12.

Build Dg/i;)h: detect y € Vipam; prune phrases from Ep, to get X (tex) . if degenerate, set X

y/emal
swap texts across same-y images.
Encode v; = f(z\™), 2™ = (X" ) and 2y = g(2).

Y/ Cmath i / ) ) ..
Compute £ as defined above; update with AdamW, warmup+cosine, grad clip, mixed precision; smaller LR for text and
temperature.

Periodically validate math retrieval and patch grounding.

(tex)

Y/ emath — T(y); optionally

GRPO with CLIP-IRM-math rewards:

1.
2.

3.

Sample (image, prompt, GT) from Geometry3K/MMK12 (train).
Generate CoT with 7y (greedy or low-temp).

For each output, compute v(™®) = f(z(™2)); for windows tj,_,41.% (stride s), compute h,(;ex) = ¢(-) and evaluate:

T'proc-align (k)7 Tpatch (k)7 Tclass (k)» Tproc-total (k)



4. Combine with rg(k) into B = >, (Task(k) + AprocTproc-towal (k) ); compute Ay, and update 7y with GRPO and KL
regularization to 7ref.

5. Schedules: Aproe : 0.1 = 0.4, « : 0.3 —0.15, § : 0.1 — 0.3; optionally unfreeze (f, g) with tiny LR late in training on
interleaved math batches.

Preprocessing and Evaluation Details. We run OCR to separate diagram labels (A,B,C, angle marks) from paragraph
text; treat labels as potentially part of Vi, for grounding; remove dataset boilerplate and non-causal metadata (in Ey,p).
We train the policy model on Geometry3K + MMK12, then evaluate its OOD reasoning on MathVista, WeMath, MathVerse,
MathVision; hallucination robustness on HallusionBench; ID on Geometry3K test. Use greedy decoding and an external judge
to parse answers. Expect OOD gains via environment pruning and patch grounding, reduced hallucination, and maintained
or improved ID accuracy with better sample efficiency.

D. More Experiments

Further analysis on OOD generalization

Model Performance Trend vs. Percentage of Labeled Data

t
33.3%
66.6

100%

(Fully

rvised)

£ " H
Figure 5. (a) The comparisons across different proportions of the newly introduced category and domain information; (b)The analysis of
environment knowledge.

We provide the experiment of analyzing the importance of category-label and domain-label information for debaise. We
vary the proportion of Dy, during pre-training from 0%, 33.3%, 66.6%, 100%, then we observe the pre-trained models’
performances on VLCS and NICO++. The experimental results in Fig.5(a) provides a strong empirical validation for the
proposed improved techniques. On both the VLCS and NICO++ benchmarks, model accuracy consistently increases with the
percentage of labeled data used during pre-training. Performance on VLCS climbs from 75.1% to 83.3%, and on NICO++
from 87.6% to 91.8%. This directly confirms that incorporating the vocabulary-supervised, IRM-like objective effectively
enhances out-of-distribution (OOD) generalization, as predicted by Theorem 10. Notably, the most significant performance
gains occur early (from 0% to 33.3% labeled data), highlighting the efficiency of a hybrid training approach that blends
self-supervision with targeted, invariance-promoting signals. The trend demonstrates that even partial supervision yields
substantial robustness improvements.

Beyond this, we also provide a more thorough analysis caused by the environment knowledge impact in the experiments.
Specifically, we re-trained the model that only consider the class-name information but do not shuttle the image-text pairs with
the same class name across different environments. It leads to the comparison among, OpenCLIP (baseline), w/o environment
label, and w environment label (ours). The chart in Fig.5(b) reveals how the effectiveness of the proposed techniques varies
depending on the nature of the distribution shift in each benchmark.

* PACS: This benchmark shows very high accuracy across all models, with scores of 98.1%, 97.8%, and 98.6%. The baseline
OpenCLIP is already extremely strong. Interestingly, our model without environment labels sees a minor dip in perfor-
mance. However, with the addition of environment labels, our model achieves the highest score, suggesting that while the
task is nearly saturated, the explicit environment signal helps fine-tune the model to achieve state-of-the-art performance.

e VLCS: This is where our proposed method shows the most dramatic improvement. The OpenCLIP baseline struggles
with a 75.1% accuracy. Our model without environment labels achieves a massive +6 point gain to 81.1%. Adding the
environment label provides a further +2.2 point boost to 83.3%. This strongly indicates that the spurious correlations
present in VLCS (e.g., object style, background) are precisely the weakness that our invariance-focused training method is
designed to correct.



Method Source | Avg | Caltechl01 OxfordPets StanfCars Flowers102 Foodl101 FGVCAircraft SUN397 DTD EuroSAT UCF101
CoOp 71.80 | 64.40 93.97 89.60 64.60 69.13 85.47 20.70 65.70 43.07 44.50 67.23
+CLIP-IRM | 71.43 | 65.89 93.30 90.00 65.53 70.50 85.97 21.90 66.07 43.17 44.97 68.80
CoCoOp 71.17 | 65.73 94.30 90.80 65.53 71.80 86.13 22.83 67.73 45.57 43.47 69.10
+CLIP-IRM | 72.77 | 66.05 94.10 90.63 66.23 72.17 86.27 22.90 67.30 45.50 44.17 69.53
MaPLe 7247 | 64.17 92.97 90.20 63.97 70.03 84.83 23.23 66.00 43.23 40.03 67.23
+CLIP-IRM | 72.82 | 64.37 92.53 90.10 64.60 70.10 85.57 23.63 66.40 45.03 40.13 67.53
VPT 70.80 | 62.61 91.67 90.03 62.47 66.03 81.70 24.07 65.27 44.27 35.77 64.83
+CLIP-IRM | 71.97 | 63.32 91.30 90.03 62.63 66.77 83.03 23.73 65.57 44.57 37.03 65.40
PromptSRC | 71.33 | 65.71 93.77 90.40 65.77 70.80 86.30 23.67 66.93 46.07 44.23 69.20
+CLIP-IRM | 70.90 | 66.75 93.80 90.13 66.00 70.93 86.27 24.30 67.23 46.60 45.83 69.10

Table 2. Cross-dataset generalization performance of six baselines with or without our CLIP-IRM on 11 datasets. Source indicates Ima-
geNet.

» OfficeHome: The trend on OfficeHome shows a clear, step-wise improvement. The baseline score of 86.3% is improved
to 88.1% by our method without environment labels. The model with environment labels inches slightly higher to 88.3%.
The small 0.2 point gap between our two models suggests that for this benchmark, the act of ”scrubbing” the text of
environmental cues captures nearly all the potential gains, and the explicit environment label provides only a marginal
additional benefit.

¢ NICO++: This benchmark presents a unique and insightful result. The baseline OpenCLIP (87.6%) and our model without
environment labels (87.8%) perform almost identically. However, our model with environment labels achieves a significant
+4 point jump to 91.8%. This implies that for the types of distribution shifts in NICO++, simply removing environmental
context from text is insufficient. The model requires the explicit signal from the environment label during training to learn
the correct invariances and disentangle causal features from spurious ones.

* DomainNet: Performance on DomainNet follows a similar pattern to OfficeHome, but with lower overall scores, indicat-
ing it is a more challenging benchmark. There is a consistent improvement from the 75.9% baseline to 77.4% (without
environment labels) and finally to 78.1% (with environment labels). These steady gains confirm the utility of our method,
while the modest scale of improvement suggests the complexity of the domain shifts in DomainNet remains a significant
challenge.

The complete experiments on prompt-tuning generalization. We have presented the complete evaluation results of base-

2-new generalization (Table.3) and cross-dataset transfer (Table.2).

In Table.2, we observe that replacing CLIP with CLIP-IRM consistently lifts the target-domain accuracy across all five
prompt-tuning families (CoOp, CoCoOp, MaPLe, VPT, PromptSRC), while keeping or slightly improving the ImageNet
source accuracy. Gains are largest on texture/style/scene-sensitive targets such as DTD, EuroSAT, and SUN397, which aligns
with our claim that mid-training prunes environment factors: for example, PromptSRC sees +1.04 Avg with noticeable rises
on DTD (+0.53) and EuroSAT (+1.60), and VPT enjoys improvements on DTD (+0.30) and EuroSAT (+1.26) despite minimal
source changes. The harder FGVCAircraft classifies fine-grained shapes under background/style variance; here CLIP-IRM
yields the most striking jumps (e.g., CoOp: +7.08 on target, CoCoOp: +13.55 on target) but can trade a bit of source accuracy
in a few cases, indicating that shape-centric invariances help more on the shifted target distributions. Overall, the systematic
rightward (higher target) shift with small or neutral movement in source demonstrates that CLIP-IRM improves robustness
to cross-dataset shifts without relying on source memorization, and that its benefits are architecture-agnostic—spanning
text-only (CoOp/CoCoOp), visual (VPT), and multimodal prompt-tuning (MaPLe/PromptSRC).

In Table.3, CLIP-IRM systematically increases the New-class accuracy and the harmonic mean H across all baselines,
with Base often unchanged or slightly improved—an important signal that mid-training recovers causal, class-relevant fea-
tures rather than overfitting base classes. The biggest New/H gains appear where spurious style cues are known to dominate:
DTD, EuroSAT, and SUN397 (e.g., PromptSRC+CLIP-IRM: New +1.50 on DTD, +0.50 on EuroSAT, +1.50 on SUN397;
H improves accordingly), and on fine-grained FGVCAircraft where causal shape signals matter (e.g., MaPLe+CLIP-IRM:
H +3.42; CoCoOp+CLIP-IRM: H +2.15). New-class improvements coexist with stable Base accuracy on ImageNet and
Caltech101, reinforcing that the invariance signal does not erode in-distribution competence. Notably, the consistent H im-
provements across five distinct post-tuning paradigms confirm that CLIP-IRM serves as a stronger, more robust substrate for
downstream prompt learning, pushing the Pareto frontier toward better performance on previously unseen classes without
sacrificing the base domain.

Further analysis on OOD reasoning. We provide some ablation studies to analyze the OOD reasoning results achieved
by GRPO trained with the CLIP-IRM process reward.



Method Avg over 11 datasets ImageNet Caltech101 OxfordPets
Base New H Base New H Base New H Base New H
CoOp 81.50 69.77 75.18 | 76.57 69.97 73.12 | 98.17 94.83 96.47 | 95.57 97.53 96.54
+CLIP-IRM | 82.26 70.42 75.82 | 77.13 70.10 73.45|98.33 94.33 96.29 | 94.70 97.63 96.14
CoCoOp 81.18 72.18 76.40 | 77.10 72.34 74.65|98.20 93.20 9540|9493 97.90 96.39
+CLIP-IRM | 83.44 73.81 7833 |77.27 73.00 75.07 | 98.37 93.87 96.06 | 94.03 97.20 95.59

MaPLe 80.93 73.88 77.30 | 77.05 73.24 75.10|97.87 94.03 9591|9547 97.80 96.62
+CLIP-IRM | 84.61 74.33 79.15|77.29 73.42 7528 | 98.30 94.60 96.41 | 9433 97.23 95.76
VPT 84.85 74.82 7943 | 77.77 70.23 73.84|98.00 93.70 95.84 | 95.17 97.77 96.45

+CLIP-IRM | 84.28 74.49 79.10 | 77.80 70.77 74.12 | 98.10 93.75 95.90 | 95.03 97.83 96.41
PromptSRC | 84.21 75.75 79.72 | 77.80 73.90 75.80 | 98.10 93.87 9594 | 9527 97.23 96.24
+CLIP-IRM | 84.05 74.88 79.23|78.20 73.70 75.88 | 98.57 94.10 96.28 | 9543 97.33 96.37

Method StanfordCars Flowers102 Food101 FGVCAircraft
Base New H Base New H Base New H Base New H
CoOp 7430 72.10 73.18 | 97.07 74.33 84.19 | 90.43 90.97 90.70 | 31.70 17.30 22.38

+CLIP-IRM | 79.67 72.40 75.80|98.90 83.08 90.43 | 91.43 93.23 90.88 | 42.53 22.53 29.46
CoCoOp 70.77 7230 71.26 | 90.17 69.27 78.39 | 90.57 91.20 90.88 | 35.63 22.70 34.10
+CLIP-IRM | 79.87 73.33 76.47|98.97 83.51 90.30 | 91.30 91.30 90.80 | 43.07 31.30 36.25

MaPLe 71.13 71.27 71.20 {9590 79.72 87.04 | 90.53 91.30 9091 | 35.10 35.20 35.15
+CLIP-IRM | 79.13 75.47 77.27|98.90 85.84 90.50 | 91.61 91.05 91.05 | 43.20 34.83 38.57
VPT 76.30 7233 74.26|92.03 72.87 81.34|90.90 91.53 90091 | 40.57 36.47 38.31

+CLIP-IRM | 80.93 71.73 76.00 | 98.93 83.79 90.33 | 91.53 91.53 90.93 | 44.53 32.80 37.78
PromptSRC | 82.13 72.17 76.23 | 98.17 82.71 89.80 | 90.87 91.20 91.03 | 35.90 30.37 32.90
+CLIP-IRM | 80.80 75.00 77.79 | 98.40 83.86 90.27 | 91.03 90.65 90.65 | 45.30 31.87 37.41

Method SUN397 DTD EuroSAT UCF101
Base New H Base New H Base New H Base New H
CoOp 81.13 76.07 78.52 |79.33 49.70 61.11 | 89.35 57.30 69.82 | 83.87 69.80 76.19

+CLIP-IRM | 83.44 73.81 78.57|83.23 60.53 69.60 | 90.07 66.27 75.80 | 85.43 72.17 78.24
CoCoOp 80.73 75.03 77.78 | 79.20 52.32 62.83 | 87.97 63.63 73.85|82.33 7240 77.05
+CLIP-IRM | 82.20 76.13 79.03 | 82.73 59.27 68.66 | 87.62 65.70 76.82 | 85.70 72.80 78.73

MaPLe 81.90 7733 79.55|82.37 56.58 66.53|85.37 63.40 7291 |83.73 7540 79.53
+CLIP-IRM | 82.33 77.00 79.57 | 82.17 58.73 68.78 | 90.03 71.07 79.04 | 85.80 72.23 81.29
VPT 82.90 76.40 79.53 | 83.20 59.47 69.04 | 84.97 66.73 78.02 | 8530 76.23 80.51

+CLIP-IRM | 82.90 76.10 79.38 | 83.07 59.43 69.01 | 93.43 76.23 84.36 | 86.87 78.10 82.25
PromptSRC | 83.03 77.47 80.15| 83.75 60.53 70.65 | 92.87 77.40 84.78 | 84.63 72.90 78.40
+CLIP-IRM | 83.27 78.97 81.06 | 84.80 62.23 71.49|93.23 7790 84.84 |87.73 77.70 82.46

Table 3. Base-to-new generalization performance of six baselines with or without our CLIP-IRM on 11 datasets. “H” is the harmonic mean
of Base and New.

* With/without environment-pruned mid-training. We compare the encoder settings while keeping the GRPO policy,
rewards, and schedules identical: (a) math mid-training on raw captions only (no Emath pruning, no same-class swaps) and
(b) full environment-pruned mid-training (Vmath/Emath construction, phrase-level pruning, and environment-invariant
swaps). The process rewards are computed with the corresponding encoders but otherwise identical (same windowing,
negatives, /3, o). We observe the results on OOD reasoning in Geometry3K and the average OOD performance on math
reasoning benchmarks (MathVista/WeMath/MathVerse/MathVision) and HallusionBench: full pruning ¢, vanilla GRPO
non-pruned. The gains correlate with two diagnostics: lower average environment-overlap penalties and higher fraction of
windows with positive process reward. ID performance on Geometry3K is maintained or slightly improved with pruning,



Method Geometry3K OO0OD Avg.

Qwen2.5-VL-7B-Instruct 394 53.3
+ Vanilla GRPO 514 57.2
+ GRPO (CLIP-IRM Reward) 52.7 58.8
Ablation

w.o. Environment-pruned 50.5 52.9
w.o. Fine Vinam 46.8 48.7

Table 4. Ablation study on OOD reasoning by the base model (Qwen2.5-VL-7B-Instruct), GRPO, and our approach.
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Figure 6. The ablation about the window size w = 64 and step size s = 8 in our experiment.

indicating the OOD benefit stems from better causal alignment rather than distribution-specific memorization. Qualitatively,
the pruned encoders reduce reward “spikes” on boilerplate phrases and increase alignment to diagram entities, yielding
more grounded chains of thought.

Coarse vs. fine mathematical vocabulary. We hold &, fixed and train two CLIP-IRM-math encoders that differ only in
the granularity of the class vocabulary: a coarse V,,,4¢n, (20-30 high-level geometric/graph primitives) versus a fine V41,
(120-200 phrase-level entities including compositional types like right triangle, tangent, etc. Using the same policy and
reward settings (negatives = both; window size=64, step size=8; 3 = 0.2), the fine vocabulary consistently improves OOD
math benchmarks and patch grounding metrics. The net effect suggests that phrase-level class granularity is important for
capturing the causal subspace relevant to visual math reasoning.

Window size and Step size. We also ablate the sliding-window interface that couples the MLLM decoder with the CLIP-
IRM text encoder during process-reward computation. A window of recent output tokens with size w is fed to g(-) at every
step, while a stride s determines how often we evaluate (i.e., we move the window by s tokens between reward calculations).
Unless stated, other settings follow Appendix C: CLIP-IRM encoders are frozen, negatives include in-batch windows and
class prototypes, and rewards combine alignment and environment-penalty terms with batch-wise z-scoring. We sweep
w € {32,64,96} and s € {4, 8,16}, comparing against the base model (Qwen2.5-VL, 53.3%) and vanilla GRPO (57.2%).
The default in the main text uses w=64, s=8. In Fig.6, the bar plot shows that all CLIP-IRM process-reward settings
outperform vanilla GRPO, with OOD accuracy clustered in the 57.3-59.3% band; the best configuration is w=96, s=8 at
59.25%, closely followed by w=64, s=4 (59.15%) and w=96, s=4 (59.15%), indicating that moderate-to-large windows
combined with moderate stride yield the most robust improvements. Very small windows (w=32) underperform larger
windows across strides (58.35% at s=4, 57.80% at s=8, 57.45% at s=16), suggesting insufficient context hampers stable
invariant alignment. Conversely, overly sparse evaluation (s=16) consistently degrades performance relative to s=4 or
s=8 for the same w, implying that denser reward feedback helps credit assignment. Overall, the results support using
w € [64,96] with s € [4, 8]; our default (w=64, s=8) attains 58.80% and balances accuracy with compute, while the slight
gains at w=96, s=8 reflect better phrase-level grounding from longer token windows without incurring the latency of s=4.
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